Genetic regulatory networks (GRN) represent complex interactions between genes brought about through proteins that they code for. Quantification of expression levels in GRN either through experiments or theoretical modeling is a challenging task. Recently, microarray experiments have gained importance in evaluating GRN at the genome level. Microarray experiments yield log fold change in mRNA abundance which is helpful in deciphering connectivity in GRN. Current approaches such as data mining, Boolean or Bayesian modeling and combined use of expression and location data are useful in analyzing microarray data. However, these methodologies lack underlying mechanistic details present in GRN.
Introduction
Recent projects to decipher genomic sequences of different species have opened up the genetic repertoire of living systems. Although these projects provide relevant details of the genome, it is necessary to evaluate the complete interactions across genes to relate the genotype to a specific phenotype (Loomis and Sternberg, 1995) . Genetic regulatory networks (GRN) refer to the interactions between genes brought about through proteins that they code for. Studies in molecular biology, especially of the microbial systems, have detailed these interactions at the genetic level (Echols, 1989; Bertrand-Burggraf et al., 1987) . Detailed enumeration of the interactions are also available for specific subsystems existing in a particular organism (Bhartiya et al., 2003 (Bhartiya et al., , 2006 Verma et al., 2003 Verma et al., , 2005 .
Recently, microarray experiments have gained importance in evaluating GRN at the genome level (Rhodius and LaRossa, 2003; Chang et al., 2005; Li et al., 2006) . Microarray experiments track the comparative mRNA abundance ratio between a condition of interest and a reference condition. For example, gene expression data for Escherichia coli upon exposure to UV irradiation provides us the fold expression level of genes during the process of DNA damage repair as compared to normal condition (Courcelle et al., 2001) . Upon availability of such data, researchers may follow a data mining approach (e.g. clustering, PCA) (Eisen et al., 1998; Alter et al., 2000) , model based approach (e.g. analysis based on Boolean and Bayesian approaches) (de Jong, 2002) or models combining other data such as transcription factor location with expression data (Xu et al., 2004; Yu et al., 2003) . The data mining approach provides insights in terms of relatedness and inferred functionality of genes, whereas model based approaches provide insights about underlying architecture and properties of GRN.
The expression data obtained from microarray experiments opens up an opportunity to quantify GRN through models. To date, the dominant approaches in GRN modeling are Boolean and Bayesian networks. Boolean networks are rule based networks that can predict the state of a system in terms of 1/0 values given the state of certain inputs to the system (Akutsu et al., 1999) . Bayesian networks work with conditional probabilities wherein, gene expression levels are calculated based on probability of expression of certain upstream effector genes (Imoto et al., 2002) . This connectivity is inferred from experimental data. Both Boolean and Bayesian approaches have been useful in analyzing data for large network. The major advantage of these models is that they do not require any parameter values. However, one does not have an explicit way to represent the regulatory details in these approaches, thus missing the operational characteristic of the GRN. Approaches using time dependent functions to study dynamic expression patterns have also been reported (Michaud et al., 2003) . Such methods also do not capture mechanistic details, thus having minimum predictive capabilities. Thus, incorporation of mechanistic details is essential for developing a good model to represent GRN. The differential equation approach does take into account the dynamics of underlying mechanism of gene regulation (Chen et al., 1999) . However, it requires numerous kinetic parameters which are difficult to obtain through experimentation (de Jong, 2002) .
GRN control the expression of genes through various molecular mechanisms. It is becoming clear that these molecular mechanisms have a distinct role to play in the operation of GRN (Chung and Stephanopoulous, 1996; Bhartiya et al., 2003 Bhartiya et al., , 2006 Verma et al., 2003 Verma et al., , 2004 Verma et al., , 2005 Verma et al., , 2006 . The regulatory mechanisms in GRN include the binding of a transcription regulator (TR) to the gene operator site to either express or repress gene expression. This characterizes protein-DNA binding. Further, the TR can either dimerize or even tetramerize before binding to the operator site representing the effect of stoichiometry (Ackers et al., 1982) . A common mechanism prevalent in many GRN is the regulation of the TR through binding of other proteins or metabolites resulting in a molecular complex (Arvidson et al., 1986) . Further, there can be multiple operator sites for a TR to bind, which can influence the gene expression. These effects are also seen as the influence of stoichiometry of the binding phenomena on the performance of a GRN (Chung and Stephanopoulous, 1996) . A well known mechanism that affects expression in case of multiple binding sites is cooperativity, wherein the binding constant changes for the second site when the first site is already bound, as has been illustrated in the -phage system (Ackers et al., 1982) . Autoregulation of the TR is another predominant mechanism in which case TR itself regulates its own synthesis (Brent and Ptashne, 1981; Verma et al., 2006) . In eukaryotes, the DNA is present in the nucleus and the TR should translocate to nuclear region before effecting regulation. Therefore, the expression of a gene can also be regulated by controlling the translocation of a regulatory protein into the nucleus (Verma et al., 2003) . In summary, mechanisms such as protein-DNA binding, protein-protein interactions, stoichiometry, autoregulation and nucleocytoplasmic translocation play a pivotal role in regulating gene expression in any given GRN.
A modeling approach quantifying all the mechanistic details would, in principle, be an ideal modeling strategy to represent GRN. Such a detailed description has an inherent advantage of predicting expression profiles in time. A steady state analysis including all the interactions to be in equilibrium have been used for small well studied GRN. Such an analysis requires equilibrium constants for all interactions and total concentrations of effector proteins, which are easily available as compared to the kinetic parameters. For example, E. coli lac operon (Wong et al., 1997; van Hoek and Hogeweg, 2006) and trp operon (Bhartiya et al., 2003 (Bhartiya et al., , 2006 , -phage lysogyny-lytic transition network (Ackers et al., 1982; Dodd et al., 2005) and Saccharomyces cerevisiae GAL regulatory system (Verma et al., 2003 (Verma et al., , 2005 have all been analyzed using such a steady state analysis.
Here, we extend the steady state approach to large GRN to incorporate the mechanistic details prevalent in genetic networks. In order to do so, we have developed a software-steady state gene expression simulator (SSGES). The input to the software is the mechanistic network connecting various genes through regulatory proteins. The output of the simulator yields fractional expression of mRNA and proteins with respect to changes in TR concentrations. The result can be further extended to simulate data from a microarray experiments. Here, we apply the SSGES simulator to model GAL gene network of S. cerevisiae and compare the results with the microarray data provided by Ideker et al. (2001) .
Steady state model description
We present here the steady state approach used to quantify large GRN. The first step in the mathematical representation of a typical GRN involves the description of the genetic network. Various mechanisms included in the simulator are protein-DNA binding, protein-protein interactions, multiple binding sites for transcriptional regulators, cooperativity and nucleocytoplasmic transport of proteins. Thus, the input file to the simulator lists the numerous operator sites and the possible interactions with these sites through the various mechanisms listed above. Further, the steady state analysis requires the values of the equilibrium dissociation constants (K d ) and the total concentrations of the TR proteins involved in the network.
Consider the following regulatory interaction. Transcriptional regulator 'A' forms a dimer. The dimer interacts with an operator site 'D' and forms the complex 'DA 2 ' which leads to gene transcription. K 1 and K d represent the respective equilibrium interaction constants for these interactions:
Since the state 'DA 2 ' leads to gene transcription, we represent the fractional probability of gene expression as follows:
D t is the total concentration of the operator site in the cell. Table A .1 in the appendix provides details on various regulatory schemes and mathematical representations of the same. Further, the steady state translational expression f p is related to the transcriptional expression f through the co-response coefficient n as given below (Verma et al., 2003 (Verma et al., , 2004 :
The value of n is close to 1 for procaryotic systems indicating linear relationship between f p and f. However, eucaryotic systems have a value of n < 1 indicating translational inefficiency. The protein concentration P of the regulated gene under given TR concentration can be estimated by evaluating f p as given below:
where P max is the maximum protein concentration in the cell. It should be noted that in case of autoregulation the protein P itself regulates its own expression and therefore, f p is also a function of P. We assume that the overall effective transcriptional probability is the product of the individual transcriptional probabilities in case a specific operator has multiple binding sites regulated by different regulators. In this case, the TRs are assumed to act independently as given below:
where n is the number of TRs for a specific operator site and f 1 , f 2 , . . . , f n denote the independent transcriptional probabilities. The simulator uses the information regarding the network structure and parameters to generate the transcriptional probability (f), translational probability (f p ) and concentration of proteins expressed (P) for a given set of TR concentrations. Further, the transcriptional probability can be used to determine log fold expression ratio by comparing the probability values for the condition of interest and a reference condition. If f ir denotes the transcription probability for ith gene under a reference condition 'r' and f ic denotes the transcription probability of the same gene under a condition of interest 'c', then the log fold transcription ratio (LFT) for gene 'i' is given by
Using the above definition, SSGES can be used to obtain LFT for different genes under various conditions of interest. Thus, SSGES can model microarray type data, which can be compared with experiments.
SSGES development and implementation
SSGES is written in MATLAB TM version 6.5, release 13 (Mathworks Inc., USA). Fig. 1 shows the flow chart for working of the simulator: Graphical results-the graph shows probability of gene expression for GENE1, GENE2, GENE3 v/s Pa1 concentration. The profiles are consistent with respect to the underlying regulatory structure. With increase in Pa1 concentration, GENE3 shows sustained transcriptional probability, GENE1 shows 'S' shaped rise in transcriptional probability and GENE2 shows decrease in transcriptional probability.
(1) Part A of Fig. 1 shows the schematic input network structure representing various regulatory interactions along with the necessary parameters. The user converts such network structure into simple text based representation as shown in part B (Refer Appendix B for details on text based representation). (2) The simulator sets up steady state algebraic equations for the given input file containing the network structure and the parameter values. Molar balances are set up for all the species in the network including all the complexes arising from DNA-protein and protein-protein interactions. Further, all the concentrations of the complexes are related through equilibrium dissociation constants to the free species concentrations (Refer Appendices C and D for details on model equations and simulation). Part C of Fig. 1 shows the code files generated by SSGES. The simulator generates three files: (a) main file, (b) guess function file and (c) final solution function file. Main file contains all the declarations, function calls, iteration loops and data storage instructions. Guess file is the function file that generates good initial guess values for solution. (3) The set of algebraic equations generated by SSGES are solved on MATLAB platform using 'fsolve' and 'lsqnonlin' routines. The simulator uses 'lsqnonlin' to generate initial guesses and uses 'fsolve' to rapidly converge to a final solution. This capacity in the simulator provides faster solution to the algebraic steady state equations. The transcriptional and translational expressions and protein levels in the GRN forms the simulator output. (4) Resultant data can be graphically plotted and analyzed as shown in Fig. 1 . Upon viewing the graphical results user may make desired changes in the input file and study the effect of changes in regulatory structure on the expression of a specific gene.
The above simulator was used to quantify the GAL regulatory system in S. cerevisiae. Protein expression, transcriptional probability and translational probability were estimated at various galactose (inducer) and glucose (repressor) concentrations.
GAL regulatory system of S. cerevisiae
The GAL regulatory system of S. cerevisiae codes for the five galactose metabolizing enzymes. It also consists of a signal transducer 'Gal3p' and a repressor 'Gal80p' which are autoregulated. A DNA binding transcriptional activator 'Gal4p' regulates the synthesis of the GAL genes. 'Mig1p', a repressor is activated through glucose to repress Gal4p synthesis. Fig. 2 shows a schematic for the interactions between various genes involved in the GAL regulatory system. Typically, knowledge of such interactions, either direct or indirect, are available through molecular biological studies and through microarray analysis. However, for the steady state analysis proposed here, we require mechanistic details of interactions.
The mechanistic details of interaction is well known for the GAL network and is amenable for the steady state analysis Verma et al., 2003) , (see Fig. C .1 in the appendix). In presence of galactose, Gal4p (transcriptional activator) dimerizes and binds to the GAL genes (MEL1, GAL7, MTH1, FUR4, PCL10, GAL2, GAL1, GAL10) and regulatory genes (GAL80, GAL3). It is also known that GAL80, GAL3 and MEL1 have a single binding site for Gal4p while the others have two binding sites with cooperativity binding.
In a non-repressing non-inducing medium, such as glycerol, Gal4p dimerizes and binds to the operator site to synthesize the mRNAs. The regulatory proteins, Gal80p and Gal3p which are under control of the GAL switch, are also synthesized. However, Gal80p binds to the Gal4p bound to the DNA to switch off the GAL expression. Thus, in a glycerol medium, the GAL switch is off. It is also known that Gal3p is a cytoplasmic protein and resides in cytoplasm, while Gal80p is a nucleocytoplasmic protein and can shuttle between nucleus and cytoplasm. On addition of galactose (an inducer) into the medium, the basal Gal3p present in the cytoplasm is activated by galactose. The activated Gal3p interacts with Gal80p and sequesters Gal80p from the nucleus to release the repression on Gal4p. Thus, the GAL genes are induced in presence of galactose. On addition of glucose (a repressor) to the medium, the dephosphorylation of Mig1p is facilitated and the dephosphorylated Mig1p translocates to the nucleus to bind to the upstream sequence of GAL1, GAL3, GAL4, SUC2 and MEL1 in addition to 30 other binding sites. Mig1p, a repressor, thus shuts off these genes. This implies that above mentioned GAL genes are shut off in presence of glucose. The mechanistic knowledge described above was sub- mitted as an input file to SSGES. Detailed solution of the system of steady state mathematical equations on a Intel Xeon dual processor machine required about 90 min of computing time. The output of SSGES yielded fractional transcription (f), fractional translation (fp) and protein expression (P) at various glucose and galactose concentrations.
Results
Regulatory proteins Mig1p (activated by glucose) and Gal3p (activated by galactose) determine the status of all the genes under GAL system. Thus, they form the input variables to the SSGES. However, the intracellular concentration of these regulatory proteins were a function of extracellular concentration of glucose (with respect to Mig1p) and galactose (with respect to Gal3p). SSGES was used to obtain the fractional mRNA transcription and protein expression for GAL1, GAL2, GAL3, GAL4, GAL7, GAL10, GAL80, MTH1, FUR4, PCL10, MEL1, SUC2 and other 30 genes regulated by Mig1p, at different glucose and galactose concentrations. Thus, a total of 42 genes were represented in the GRN. A microarray type panel to illustrate changes in the LFT values of gene expression for GAL genes under various conditions was also generated. Such a panel may include mutant strains with deletion of a particular regulatory gene. Table 1 lists the log fold transcription (LFT) for various GAL genes under different experimental conditions with respect to the reference condition of WT cells growing in low glucose and high galactose medium. It can be seen that except for GAL4 and SUC2 all other genes were downregulated in absence of galactose. The genes with two binding sites such as GAL1 show a higher down regulation (−5.11) as compared to genes with one binding site such as GAL3 (−2.3) mainly due to the cooperative binding in case of genes with two binding sites. GAL4 and SUC2 are regulated by Mig1p, which is in turn regulated by glucose. Therefore, on additions of glucose, the (LFT) values for GAL4 and SUC2 also show down regulation (see the row: WT, glu +, gal +). Further, SUC2 was downregulated to a higher extent than GAL4 as it has two binding sites for Mig1p.
SSGES can also be used to analyze the effect of mutations on the performance of a GRN. The effect of glucose was drastically reduced in a MIG1 − mutant and the LFT was almost as that observed in a WT strain. In the case of a mutant strain wherein GAL80 was deleted, the effect of galactose was eliminated resulting in low LFT value. Upon deletion of both the repressors (GAL80, MIG1), the downregulation of the genes were at a minimum, since the effect of glucose or galactose could not be transmitted to the GRN. A mutant strain lacking GAL3 demonstrated a downregulation even in the presence of galactose, as Gal3p is a protein that senses intracellular galactose. GAL4 mutant had the highest downregulation of GAL genes in presence of both glucose and galactose. Supplementary information on author's website provide additional figures illustrating LFT data in microarray type panels.
The above LFT data for the GAL systems was compared with the experimental microarray data presented by Ideker et al. (2001) . Fig. 3 shows the comparison of SSGES prediction with experimental data for LFT obtained in different experiments for GAL1, GAL3 and GAL4. It can be clearly seen that although there is no exact match in the LFT values, the trend in the degree of regulation matched well. For GAL1, LFT = −2.8 was observed in experiments, which SSGES predicts as −5.11 log fold downregulation. This may be due to imprecise definition of lower bound in the fractional mRNA abundance both in the experiment and simulation. Since the experiments reported in Fig. 3 are for different mutants and in presence or absence of galactose, the LFT for GAL4p was not appreciably altered. This fact was captured by our model as seen from the experimental data.
To verify the effect of the parameter values and structure on the LFT values, the WT strain was mutated by (1) changing the translocation factor for Gal80p such that Gal80p translocation to nucleus was increased by a factor of 20, (2) changing the binding constant between Gal80p and Gal3p such that the binding affinity was reduced by 3 log fold and (3) elimination of the dimerization of Gal4p such that Gal4p functions only as a monomer. Table 1 shows the changes in the WT expression due to these specific mutations (see the last three rows). In  Fig. 4 , the same has been plotted for comparison with the WT experiments. It can be noted that the operation of GAL system is very sensitive to mutation in translocation of Gal80p and mutation in interaction between Fig. 4 . Comparison of LFT data for wild type with that of mutants as predicted by SSGES. (A) Mutant 1: Gal80p translocation to nucleus was increased by a factor of 20 (B) mutant 2: Gal80p-Gal3p interaction affinity was reduced three-fold and (C) mutant 3: dimerization of Gal4p was eliminated, Gal4p operates as a monomer. Solid lines with ' ' markers show data generated by mutant models. Dotted lines with '×' markers show data generated by WT model. The ticks 1, 2, 3, 4, 5, 6, 7 on x axis signify different genes, viz. GAL1, GAL2, GAL3, GAL4, GAL80, SUC2 and MEL1 under 'gal+' condition, i. e. when galactose is present.
Gal80p and Gal3p. The transmission of the intracellular galactose signal was strongly affected by these mutations. However, the structural mutation brought about by eliminating Gal4p dimerization did not have any substantial effect on the LFT values. Thus, parameters and structure may play an important role in determining the behavior of GRN.
SSGES can also be used to obtain the amount of protein expressed for different experimental conditions. Fig. 5 shows the output concentration profiles obtained from SSGES for Gal1p, Gal3p and Gal80p. It can be noted that the expression of Gal1p is very sensitive to both glucose and galactose variation. It can also be seen that Gal1p expression essentially resides in the same steady state either at low galactose or at high glucose concentrations. In case of Gal3p, it can be noted that it resides in three states-high expression at low glucose and high galactose level, i.e. induced state, minimal expression at high glucose level, i.e. repressed state and intermediate expression at low glucose and low galactose level which corresponds to non-inducing nonrepressing (NINR) medium such as glycerol. Gal80p also shows three states of expression and similar sen- sitivity as that of Gal3p under galactose concentration variation and reduced sensitivity under glucose variation. Another important factor characterizing the underlying GRN is the maximal protein expression level. Gal1p shows 75% of the maximum expression whereas Gal3p and Gal80p show only 55% of the maximum expression. These facts match with experimental observations reported by Verma et al. (2003) .
Discussion
SSGES, a steady state modeling methodology, was developed to simulate expression profiles in a GRN. The simulator can handle genome wide interactions comprising multiple GRNs. The simulator can yield microarray type log fold change data in mRNA and protein expression with respect to changes in concentration of transcription regulators (TR). The simulator can be easily adopted to simulate effect of mutations, parameter values and structural changes in the network.
SSGES is directly applicable to systems where the molecular interactions in a GRN are known. For such a system, SSGES can be used to model and predict transcriptional and translational probabilities. These values can be further used to estimate log fold change in expression of both mRNA and proteins. The log fold changes can be used to simulate or predict data from a microarray experiment. In case the parameter values are not available, the software can also be used to estimate parameter values for a give GRN by fitting data from a microarray experiment. The model, thus developed, can be analyzed for robustness to changes in parameter values and network mechanisms. Incorporation of such changes is relatively straightforward in SSGES, which can be achieved by changing the relevant parameter or modification in the input file. Thus, the performance of a GRN under mutations can also be easily analyzed.
SSGES can also be used for a system where the molecular mechanism or protein expression data is not available. In such an instance, the microarray data can be used to gather information about the connectivities in a GRN. This requires assumption of a structure, simulation through SSGES and comparison with the data. If the simulation do not match the data, the structure of the GRN needs to be reassumed. Such an analysis, though feasible, has not been demonstrated in the current work.
Using SSGES, we could build and simulate the GAL regulatory system in S. cerevisiae that comprise of all the regulatory features, viz. autoregulation, dimer and monomer binding, multiple operator sites, multiple transcription factors, translocation and cooperativity. We could observe direct relationship between the kind of regulatory features of a gene and the LFT value or protein expression response. With steady state analysis, we could observe the following characteristics of the system: (1) Gal80p and Gal3p protein expression demonstrated three plateau corresponding to full repression (low galactose and high glucose condition), full induction (high galactose and low glucose condition), and non-inducing-non-repressing conditions (low galactose and low glucose condition). In comparison, Gal1p protein expression shows only two plateau. (2) There was a limit on maximum gene expression for Gal80 and Gal3 due to autoregulation of Gal80 and limiting Gal4p concentration. (3) Due to different underlying regulatory features, genes show different response with respect to glucose under different galactose concentrations and vice verse.
The capability to relate the mechanistic details in GRN to microarray data is an important and useful feature of SSGES. Although huge repository of gene expression data (Ball et al., 2005 ) is now available, a modeling approach to connect underlying mechanism and actual gene expression data is not available for researchers to date. We could generate the microarray data and compare the same with the experimental results by Ideker et al. (2001) . The results obtained by simulating microarray experiments suggest a strong link between underlying structure and gene expression. Further, the simulator can be used to obtain protein expression profiles at different conditions. The surface plateau shown for GAL system w.r.t. glucose and galactose concentration variation can only be obtained using quantification of the mechanistic details present in the simulator. Such a plateau has been illustrated for the E. coli lac operon through rigorous and numerous experiments by Setty et al. (2003) .
Availability of data such as regulatory structure, interaction constants and TR levels are essential for using SSGES. Obtaining such an information at genome level is still a challenge. However, recent experimental techniques show a breakthrough in this regard. For example, Linnell et al. (2004) report a high throughput analysis of transcription factor binding specificities. Mukherjee et al. (2004) report a method for rapid analysis of transcription factor specificity to bind DNA. Corbin et al. (2003) and Ghaemmaghami et al. (2003) have reported genome wide protein expression levels for E. coli and S. cerevisiae. A detailed map of transcription factor binding information for S. cerevisiae has also been made available by Harbison et al. (2004) . Connecting information about transcription factors, protein levels and binding sites, etc., with SSGES will be helpful in integrating and quantifying GRNS.
SSGES, thus, can be a tool for simulating and analyzing microarray data and protein expression data. It has the inherent capability to represent mechanistic details at the molecular level. However, a simplistic connectivity, can be assumed in absence of such molecular details, as an alternative to Boolean and Bayesian approaches for analyzing microarray data. Thus, SSGES has a potential to quantify GRN at the genome wide level.
Appendix A. Details on steady state modeling
In this section, we describe the steady state mathematical expressions for a simple regulatory mechanism and then provide mathematical expressions corresponding to various other mechanistic schemes in tabular format.
Consider the following interactions. A regulatory protein 'I' in monomer form binds to the operator site 'O' and forms complex 'OI'. 'K d ' is the dissociation constant for the interaction. Upon formation of the complex 'OI' gene expression may ensue. We represent this interaction as
At steady state, equilibrium relationship and mass balance for operator site and inducer molecules are as shown below. The subscript 't' denotes total amount of the species including its free form and bound form(s).
Unless stated otherwise, same symbol as that of a species is used to indicate its concentration. Since gene expression will ensue when the inducer-operator site complex is formed, we define fractional expression or probability of expression 'f' as the ratio of the concentration of protein-DNA complex to the total operator concentration:
For any given gene expression regulation mechanism, such steady state mass balance expressions can be derived. Further, the value of 'f' can be obtained analytically for simple cases and numerically for larger and complex systems. 
(3) Regulator molecule binds multiple operator sites
Same symbols as that of species symbol, indicate its concentration. O: operator site; I: inducer regulatory protein; symbol 'K' with different suffices indicate different dissociation constants; m: extent of cooperativity which indicates the degree to which binding to an operator site is enhanced when adjacent operator site is occupied by the transcriptional regulatory protein; R: repressor regulatory protein; a: co-response coefficient, indicates activated protein, subscript n indicates nuclear localization of the protein.
nism of gene regulation and corresponding mathematical expressions.
Appendix B. Details on SSGES Note: Detailed instructions and help file for use of SSGES are provided in a separate file that accompany SSGES package files. It is available from the corresponding author upon request.
As detailed in main text, SSGES accepts simple text based details from the user and generates MATLAB TM code corresponding to steady state model of the system. Here, we explain the input file shown in Fig. 1 in the main text. Further, we provide details on SSGES application to the GAL regulation system of S. cerevisiae.
B.1. Illustration on SSGES input file
The network shown in example has three genes, viz. Gg1, Gg2, Gg3 (See Fig. 1 in main text) . Gg1 and Gg3 have single binding sites. Gg2 has two binding sites as indicated by suffix s1 and s2 in the input file. Gg1 is regulated by protein 'Pa1'. The functional product of Gg1 is protein 'Pg1'. Protein 'Pg1' and protein 'Pn' interact and form a complex 'Pg1 Pn'. Gene Gg2 has two operator sites. The protein complex Pg1 Pn binds at one of the operator sites and cause repression. Gene Gg3 is autoregulated protein. Functional product of Gg3 is the protein 'Pg3'. It binds at the operator site of Gg3 and induces its own expression. Protein 'Pg3' also bind at the second site of gene Gg2 and induce its expression.
Following is the input file used in the example shown in Fig. 1 .
Line 0 module1 Line 1 pro ext Pa1 range -9 -6 Line 2 pro ext Pn 5d-9 Line 3 pro eff Pa1 Pg1 Pg3 Pn Line 4 pro int Pg1 1.0d-7 Pg3 5.0d-7 Pg2 5.0d-7 Line 5 Line 6 genes Gg1 2.37d-11 Gg3 2.37d-11 Line 7 genes Gg2 s1 2.37d-11 Gg2 s2 2.37d-11 Line 8 Line 9
Gg1 Pa1 Gg1 Pa1 K1 1d-8 1 Line 10 Gg3 Pg3 Gg3 Pg3 K5 1d-8 1 Line 11
Gg2 s1 Pg3 Gg2 s1 Pg3 K4 1d-8 1 Line 12 Line 13
Pg1 Pn Pg1 Pn K2 1d-8 Line 14
Gg2 s2 Pg1 Pn Gg2 s2 Pg1 Pn K3 1d-8 -1
Line 0 indicates the name given to the GRN. SSGES uses this name for all the code files to be generated later. Lines 1 and 2 indicate proteins that are external to the GRN. These proteins are the functional products of the genes outside the GRN. Thus, a fixed concentration has been assigned for those proteins. The protein Pa1 as written on line1 has a range indicated next to it. The entry 'range -9 -6' implies the concentration of protein 'Pa1' varies from 10 −9 M to 10 −6 M. SSGES automatically generates the required iteration loops and instructions for such a variation. Protein 'Pn' on the second line has a fixed concentration 5 × 10 −9 M.
Line 3 sums up the effector proteins. These are the proteins which have regulatory effect on any of the gene in the network. Line 4 lists the internal proteins i.e. the protein products from the genes in the GRN itself. These proteins, viz. Pg1, Pg2 and Pg3 are the functional products of genes Gg1, Gg2 and Gg3 respectively. Next to each of them, a numerical value in scientific notation is written (e.g. 1d-7), which is the P max value for the protein in molar units (refer to Eq. (5) in main text). Lines 6 and 7 indicate the genes in the system and the concentration of each in the cell which is fixed at 2.37 × 10 −11 , a typical value for S. cerevisiae system (Verma et al., 2003) . Since gene Gg2 bears two binding sites, it has been indicated using two different entries with suffices s1 and s2.
Line 9 indicates the interaction of protein 'Pa1' at the operator site of Gg1 which forms a complex Gg1 Pa1. This interaction has a equilibrium dissociation constant K1 with numerical value 10 −8 M. The last entry on line 9 is '1', which signify induction of gene expression due to binding of 'Pa1'. Line 10 is similar to line 9. Line 11 indicates interaction at site 1 of gene Gg2, i.e. Gg2 s1. Line 12 indicates protein-protein interaction between 'Pg1' and 'Pn' with interaction constant 'K2' with a numerical value 10 −8 M. Line 14 indicates interaction of the complex 'Pg1 Pn' at the second operator site (i.e. Gg2 s2) of gene Gg2. Note that the last entry on this line is '−1' which indicates repression of Gg2 expression due to binding by 'Pg1 Pn'. Appendix C. SSGES application to GAL regulatory system of S. cerevisiae Upon submission of the input file for GAL system to SSGES, three files are generated as detailed below:
(1) The main file: it consists of declarations for total and free forms of all the genes and proteins and a total of 59 interaction parameters. It also includes instructions for guess function file, solution function file and storage of simulation results. A few more lines of code were added to the code already generated by SSGES. These lines represent (1) the loops for variation of active Gal3p concentration and glucose concentrations, (2) relationship between extracellular galactose and intracellular active Gal3p concentration, (3) relationship between extracellular glucose and intracellular active Mig1p concentration, (4) relationship for Mig1p independent effect of glucose through decrease in Gal3p activation and decrease in Gal4p binding at operator site and (5) criteria to stop the simulation appropriately. (2) The guess function file: it consists of mathematical expressions for the gene expression probabilities for all genes and expressions for protein mass balances for Gal3p, Gal4p, Gal80p and Mig1p. The complexity of the problem can be seen from the mass balance expression for Gal80p protein (Eq. (107) A few additional lines of code were written to include the Mig1p-independent effect of glucose in both guess function file and final function file. The simulation scheme is as follows:
(1) Glucose concentration is fixed. This, in turn fixes the level of active Mig1p concentration. (2) The concentration of active form of Gal3p protein is varied. Maximal concentrations of Gal80p, Gal4p and Gal3p are fixed. As a solution, we obtain the probability of gene expression for all genes and total concentrations (inclusive of free form and all bound forms) of various proteins. (3) Concentration of galactose is calculated from the difference between active Gal3p and total Gal3p concentrations. The simulation is stopped when numerical value of active Gal3p exceeds the value of total Gal3p concentration.
Appendix D. Mathematical equations for GAL system
We provide details for all the mathematical equations used in GAL system simulation.
Following symbolic scheme is used. Symbols starting with 'G' indicate a gene, Symbols starting with 'P' indicate a protein. Species resulting from the interactions have been given a symbol concatenating the basic species symbol with an underscore ' ' sign in between. For example, protein 'P1' interacting at operator site of gene 'G1' would generate a complex represented as 'G1 P1'. A dimer product is indicated by ' 2' at the end. Suffix 'n' indicates nuclear localization of the protein. Suffix 't' indicates the total amount of a particular species that includes its free form and various bound forms. Suffix 'max' indicates the maximum concentration of the concerned particular protein. Symbol 'K' with different suffices indicate dissociation constants for respective interactions.
Key to various g3: GAL3; g4: GAL4; g1: GAL1; g2: GAL2; mig1: MIG1; mel1: MEL1; suc2: SUC2; g7: GAL7; mth1: MTH1; fur4: FUR4; pcl10: PCL10; g10: GAL10. Eq. (D.1) represents the equilibrium interaction for nucleocytoplasmic shuttling of Gal80p protein, where trans = 1. Eqs. (D.2)-(D.6) represent equilibrium interaction expressions for dimerization and interaction of Pg4 and Pg8: 
'Ggallmig' is the symbol used for those genes besides GAL genes to which Mig1p protein binds:
Our model also takes into account the repression effect by glucose in Mig1p-independent manner. This effect is included in following expression (Verma et al., 2005) :
In case of genes with two binding sites (GAL3, Mel1 and GAL1), we obtain the effective probability of expression as the product of 'f' values for individual sites:
Eqs. (D.92)-(D.100) represent the expressions for steady state protein levels corresponding to various genes:
for GAL genes and 0.9 for Mig1p controlled genes (Verma et al., 2005) : f 17 = Pmigt − (Pmig + Pmign + Gg3 s2 Pmign + Gg3 s2 Pmign + Gmel1 s2 Pmign + Gg1 s2 Pmign Pg3t and Pg3tt denotes the active Gal3p and total Gal3p concentrations, Ks = 1 mM. All quantities are expressed in mM concentration. We obtain Pg3tt using the expression Pg3tt = Pg3max × (f Gg3) a . We also considered the effect of glucose over Gal4p binding at various operator sites. The dissociation constant for Gal4p binding at various sites was multiplied by a factor '1 + glucose/(Ks2 + glucose)', where Ks2 = 0.5 mM and glucose concentration expressed in mM.
All the constants in above expressions were taken from Verma et al. (2003 Verma et al. ( , 2005 .
